Abstract: Spatial pattern information of forest biomass carbon (FBC) density in forest ecosystems plays an important role in evaluating carbon sequestration potentials and forest management. The spatial variation of FBC density in a subtropical region of southeastern China was studied using geostatistics combined with Moran's I and geographical information systems (GIS). Forest biomass carbon density values were variable, ranging from 0.12 Mg ha . The FBC density had the strongest positive correlation with forest age, followed by forest litter and elevation. The FBC density had significant positive spatial autocorrelation revealed by global Moran's I. Clear spatial patterns were observed based on local Moran's I. High FBC density values were mainly distributed in the northwestern and southwestern parts of Zhejiang province, which were related to adopting long-term policy of forest conservation in these areas, while low FBC density values located in the middle part and southeastern
Introduction
Global warming caused by increasing greenhouses such as carbon dioxide (CO2) is now becoming a persistent concern in China and worldwide. Carbon sequestration is considered an important approach to mitigating the CO2 concentration in the atmosphere [1] . Compared to other methods, such as engineering technology [2] , forests are cost-effective carbon sinks for sequestering CO2 [3] . Forest ecosystems store 289-363 Pg C in biomass [4] [5] [6] , accounting for 77% of the global aboveground vegetation carbon [4] . Due to their enormous carbon pool and high productivity ability, forest ecosystems play an important part in the global C cycle [7] .
The Kyoto Protocol report under the United Nations Framework Convention on Climate Change (UNFCCC) requires the industrialized countries to reduce their greenhouse gas emissions and suggests these countries increase afforestation to increase carbon (C) sequestration and thus to partially offset their CO2 emission [8] . The report also requires that parties estimate the carbon stock in biomass, litter and soil, separately [9] . Therefore, the knowledge of size and distribution of forest biomass C stocks is of scientific and political importance [10] .
Globally, a lot of work has been carried out to study the carbon storage in forest ecosystem [11] [12] [13] . However, most of these studies were focused on tropical, temperate and boreal forests. Few were related to carbon storage in the subtropical forests. In China, the biomass carbon storage at the national scale was studied using continuous forest inventory data [14] [15] [16] . However, the biomass carbon storage values estimated by different researchers have significant differences due to lack of information of spatial variation of biomass carbon density. Therefore, characterizing the size and spatial distribution of biomass carbon density at regional scale is important to estimate the current carbon storage of China and to contribute to further carbon sequestration studies and the promotion of better management of the forests [17, 18] .
To acquire accurate estimates of forest biomass carbon, reliable datasets providing information on forest types of sites within the entire region are required, as forest biomass carbon (FBC) density varies from place to place, controlled by a series of environmental factors at different spatial scales [19, 20] . Over the last 35 year, geostatistical methods have been successfully used to investigate the spatial variability of environmental variables and to incorporate this information into mapping [21] . Compared to the other methods, geostatistics provides an effective way to facilitate quantification of the spatial variation and spatial interpolation [22] . Therefore, it is widely applied to analyze spatial heterogeneity of forest and soil distributions [21] [22] [23] .
The main objectives of this study were (a) to characterize the spatial variability of FBC density in subtropical forest in eastern China; (b) to analyze the spatial patterns of FBC density and the corresponding site characteristics; and (c) to update regional FBC information with intensive sampling and to apply spatial analysis methods to produce an integrated distribution map.
Experimental Section

Study Area and Sampling Site Description
The study was carried out in Zhejiang province, southeastern China (Figure 1 ). Zhejiang province covers an area of 101,800 km 2 (118°01′ to 123°08′ E, 27°01′ to 31°10′ N). It has a typically subtropical marine monsoon climate with an average annual rainfall of 1490 mm and mean annual temperature of 16.5 °C. The main soil type is red soil [24] . From southwest to northeast, the elevation gradually decreases from 1603 m to 10 m. The province can be divided into four major agro-ecological regions: (1) Hang-Jia-Hu plain dominated by paddy fields; (2) Coastal region with quaternary marine deposition which has low agricultural production; (3) Inner hilly-basin region mainly of paddy fields and unirrigated croplands; and (4) Southwestern region of hills and uplands dominated by complexes of forest and dry croplands (ZJSS 1995) . The total area of forest is approximate 58,442 km 2 , accounting for 57.4% of total land area in Zhejiang Province [25] . The main forest types include evergreen broad-leaved forest, bamboo and other types (such as economic forest) [26] . The forest region in Zhejiang belongs to the Southern Collective Forest Region of China characterized by complex spatial distribution pattern, mixed agriculture and forestlands, various tree species, and intensive management. In 2012, a total of 839 fixed forest plots were selected based on a 6 km (south-north) × 4 km (east-west) grid system ( Figure 1 ). The longitudes and latitudes of the sampling points were recorded using a portable global positioning system (GPS) receiver. Relevant information related to the fixed forest plots including forest type, forest age, canopy density, elevation, slope aspect and position, individual tree biomass (aboveground and belowground biomass) and soil properties such as soil available N, P and K, soil pH was investigated and recorded. For each fixed forest plot, the total biomass was a sum of biomass of each tree in the plot. The individual tree biomass was calculated using biomass carbon model developed by Yuan et al. [26] , which was based on long-term practical measurements and calculation in forest of Zhejiang province.
Data Analysis
The representative percentiles and commonly used descriptive statistics were calculated. Spearman correlation was conducted to study the correlation between FBC density and environmental variables. The differences of FBC density between different forest types were analyzed using analysis of variance (ANOVA). All the statistical analysis was carried out with SPSS 18.0 for Windows.
In the linear geostatistics method, a normal distribution for the studied variable is desired [27] . In this study, the data distributions were checked for normality with the Kolmogorov-Smirnov (K-S) test, and the forest biomass carbon density data was not normally distributed. Therefore, Box-Cox transformation performed by SAS software (version 9.1) was used for the following spatial autocorrelation analysis (Moran's I) and spatial distribution analysis (geostatistics).
Moran's I is a popularly used indicator of spatial autocorrelation and was applied to the calculated plot biomass carbon density data. In this study, global Moran's I [28] was chosen as the first measure of spatial autocorrelation. Its values range from −1 to 1. The value "1" means strongly positive spatial autocorrelation, and "−1" indicates strongly negative spatial autocorrelation, and "0" implies spatial randomness [29] .
While global Moran's I suggests the presence or lack of spatial autocorrelation as a whole, the Local Indicators of Spatial Association (LISA) measures the degree of spatial autocorrelation in each specific location [30] . The Local Moran's I is one of the LISA, representing the significant spatial clustering of similar values around a specific observation [25] . Local Moran's I index can be expressed as:
where z is the mean value of z with the sample number of n; zi is the value at location i of the variable of interest; zj is the value at other locations (where
is the variance of z; and Wij is a distance weighting between zi and zj, which can be defined as the inverse of the distance. The weight Wij can also be determined using a distance band: samples situated at a distance smaller than the specified threshold distance considered as neighbors and given the same weight, while those outside the distance band are given the weight of 0. In this study, the free software Geoda [31] was used for the local Moran's I calculation, and the distance band method to determine the Wij was chosen.
Using Local Moran's I can differentiate two types of spatial clusters (the target value is similar to its neighborhood): high-high clusters (location with high concentration in a neighborhood with high values), and low-low clusters (low values in a low value neighborhood), and two types of spatial outliers (the target value is obviously different from the values of its surrounding locations); and high-low (a high value in a low value neighborhood) and low-high (a low value in a high value neighborhood) [32] .
The results of local Moran's I can be standardized, so its significance level (P < 0.05 or 0.01) can be tested based on an assumption of a normal distribution [33] . This indicates that the clusters and the spatial outliers were significant at the 5% or 1% probability level. When using local Moran's I index to analyze the spatial pattern, the results were affected by the definition of weight function, data transformation, and existence of extreme values. These factors were taken into consideration in order to obtain reliable and stable results. For the definition of weight function, the best distance band was obtained based on the largest global Moran's I value, indicating the strongest spatial autocorrelation of FBC density. In this study, this distance band was 82.3 km, which was further used to study spatial clusters of biomass carbon density. Given the non-normality of the data, the Box-Cox transformed data was used. The transformed data can also eliminate the effect of extreme values on the spatial clusters analysis.
Our chosen method of geostatistical interpolation uses variogram (or semivariogram) to measure the spatial variability of a regionalized variable, and provides the input parameters for the spatial interpolation of kriging. Detailed information of this and related methods is widely available in textbooks [27, 34] . In this study, ordinary kriging was applied to produce the spatial distribution maps. For the spatial interpolation, a cell size of 1 km × 1 km was chosen to divide the study area into a grid system of 712 columns (E-W direction) and 843 rows (N-S direction). The number of observations used for calculation was set to 12, as no clear improvement was found when more values were used. The chosen cell size was regarded as being effective to show the spatial patterns of the variable. The Box-Cox transformed data was used for interpolation and the corresponding kriging method is called trans-Gaussian kriging. We carried out the geostatistical interpolation with GS+ for win 7.0. All maps were produced using GIS software ArcMap ® (version 9.2).
Results and Discussion
Descriptive Statistics of Forest Biomass Carbon Density
Forest biomass carbon density values were very variable ( ) [38] . This was related to the young forest age in Zhejiang Province, as most of forest trees were planted in the last three decades [39] . The maximum and 95% percentile of the FBC density data were much larger than its upper quartile (75%), indicating positive skewed distribution of FBC density data, which was confirmed by the strongly positive skewness (1.72) and kurtosis (5.91) values. Compared to other parameters, the coefficient of variation (C.V.) value is the most discriminating factor for describing variability. When C.V. is less than 10%, it shows small variability; while when C.V. is more than 90%, it shows extensive variability [40] . In this study, the C.V. value of FBC density was 73.69%, indicating moderate variability in Zhejiang province.
Histograms of FBC density with a normal distribution curve are shown in Figure 2 . The raw data have a long tail towards higher FBC density values (Figure 2a) . Chang et al. [41] , reported that environmental variables are often skewed from a normal distribution towards positive values because of the relatively smaller percentage of high values. The Box-Cox transformed data show a normal distribution (Figure 2b ). This is confirmed by the K-S p value (>0.05, Table 1 ). Therefore, transformed data was used for geostatistical analysis. 
Spatial Symbol Map of Forest Biomass Carbon Density
A point symbol map of FBC density is shown in Figure 3 . The majority of FBC density values ranged from 25.0 to 100.0 Mg ha −1
. Some high FBC density values were observed on the northwestern and southwestern parts of the study area, which were probably related to the long-term policy of forest conservation carried out by local governments in these areas. Low values were located in the middle part of Zhejiang province. This is mainly related to the intensive management by human beings, as the main forest type is economic forests, such as Chinese chestnut (Castanea mollissima) and Hickory (Carya cathayensis Sarg) forests. There were a number of scatted high FBC density values surrounded by relatively low values or low FBC density values surrounded by high values on the map, indicating the presence of spatial outliers. 
The Environmental Factors Related to Forest Biomass Carbon Density
Spearman correlation coefficients between FBC density and environmental factors were calculated ( Table 2 ). Positive and significant correlations between FBC density and elevation, forest age, forest litter carbon, soil organic carbon, and soil available nitrogen (N) were observed; while negative and significant correlations between FBC density and slope position and soil pH were found. Liu et al. [38] reported that the FBC density values increased with the increasing elevation and precipitation in forest in China. The vertical distribution of FBC density was mainly influenced by the variation of the combination of water and heat [42] . The positive correlation between FBC density and elevation in this study was related to the specific geographical location of Zhejiang province in China (Figure 1 ). It has relatively high precipitation and moderate annual temperature in the southwestern part of Zhejiang Province, such as Lishui, which are suitable for plant growth across whole year. Therefore, the FBC density in Lishui is much higher than other parts of Zhejiang Province. The FBC had extremely significant correlation with forest litter carbon density, indicating that the forest biomass was the main source of forest litter carbon.
The FBC density values in typical forest types were studied (Figure 4) . The broad-leaved forest had the highest FBC density, followed by mixed coniferous broad-leaved forest, coniferous forest, moso bamboo forest and economic forest. This finding was in line with another study [43] . The moso bamboo forest and economic forest had relatively low FBC density values. This was due to the intensive management in the moso bamboo and economic forests. 
Spatial-Cluster and Spatial-Outlier Analyses
The plot of global Moran's I against the distance classes is called a spatial correlogram [44] , which can be used to describe the spatial autocorrelation of the studied variables. The spatial correlogram for FBC is shown in Figure 5 . The spatial correlogram initially displayed strong spatial dependence (high global Moran's I value, P < 0.05) when the distance extended to include more FBC values. After reaching the peak (82.3 km), the spatial dependence decreased when the distance further increased. The maximal spatial positive correlation range of the spatial correlogram was about 230 km, where the global Moran's I value of 0 appears. GIS mapping techniques can help to identify spatial patterns visually, but not statistically [45] . The general spatial variations identified visually based on raw data in Figure 3 can be statistically supported using local Moran's I method. The results of LISA analysis under the strongest global Moran's I value (0.2589, P < 0.01) are illustrated in Figure 6 . The results for the majority of FBC density values were not significant. Clear high-high spatial-clusters were observed in the northwestern and southwestern parts of Zhejiang province, mainly along the Tianmu Mountain Area and Lishui Region, respectively. Tianmu Mountain is famous as the main natural conservation area in China, and human being interruption has been forbidden in this area since 1992. Lishui City is a typical mountainous area in Zhejiang Province. Local government has paid a lot of attention to protect the natural resources to improve ecological values. Some low-low spatial-clusters were found in the middle part and southeastern coastal area of study area. Most of the high-low outliers were close to the low-low area. These samples collected from the plots with longer forest ages, had much higher FBC density values than those in the neighborhood. On the other hand, the low-high outliers were mainly located closely to the high-high spatial-cluster area. The most low-high outlier plots have low elevation and receive more interruption by human beings. It should be noticed that the local Moran's I index is sensitive to outliers [1] . A total of 17 spatial outliers were detected.
Semivariance Analysis and Spatial Distribution
To stabilize the spatial variance, the transformed data, excluding the spatial outliers, were used. There was no evident anisotropy in the variogram for Box-Cox transformed data. This meant that the FBC density varied similarly in all directions of the study area and the semivariance depended only on the distance between samples [46] . The best-fit theoretical variogram model for FBC density was chosen based on the highest coefficient values (R 2 ). Compared to other models, a spherical model with the highest R 2 value was applied for further kriging interpolation (Table 3) . The "nugget-to-sill" value was 0.478, indicating a moderate spatial dependence [40] . Both intrinsic and extrinsic factors influenced the spatial dependence of FBC density. The range value was 98.5 km. In geostatistics, the range is the maximum distance between correlated measurements [47] . This range of spatial autocorrelation of FBC density was much greater than the sampling interval, implying that current sampling density was appropriate to study the spatial structure of FBC density in Zhejiang Province. The spatial distribution map produced by trans-Gaussian kriging [48] is shown in Figure 7 . In the southwestern part of Zhejiang province, the FBC density values ranged from 80 to 162 Mg ha −1 , which were much higher than other areas, while the FBC density was low in the northern part of study area, Hang-Jia-Hu (HJH) Plain, which has little forest. According to the Zhejiang forest inventory report [28] , the forest area only accounted for 9.18% of the HJH Plain Area. In the middle part of Zhejiang province (Jin-Qu basin), the FBC values ranged from 0.1 to 50 Mg ha −1 . The relatively low FBC values were mainly due to the land management in this area. Jin-Qu Basin is the main commercial grain base. The main forest type is economic forest, which is influenced by human activities. The medium FBC values in the Wenzhou-Taizhou boundary were related to the Yandang Mountain, which is a famous tourist area, while low FBC values were located in the coastal part of southern Zhejiang. The low forest biomass is most likely related to typhoon, climate and human disturbance [43] . These high and low value patterns were in line with the above spatial clusters revealed by local Moran's I.
Geostatistical methods are important to visually describe the spatial distribution patterns of the variance, which can only be roughly characterized by descriptive statistics [1] . Sampling size and strategy played a vital role in geostatistical analysis. The sample size used in this study was good enough to reveal clear spatial patterns in the kriged interpolation map of FBC density (Figure 7) . Most sampling studies indicate that grid sampling provides excellent information of environmental variables when a small grid size is used; important attributes are missed when grid size is increased [49] . Thus, more samples may be necessary to reveal local spatial variation of FBC density in forests, using complex geostatistical analysis such as regression kriging. On the other hand, costs and labor associated with a dense sampling are high; in that case, suitable ancillary data, such as aerial photographs, elevation, forest type map, etc. can be used to study spatial pattern of FBC density. 
Conclusions
The average FBC density was 27.33 Mg ha −1 in this study. Forest age, forest litter, elevation, soil organic carbon and soil available N were significantly correlated with FBC density. Compared to other typical subtropical forest types, broad-leaved forest had the highest average FBC density, while economical forest had the lowest FBC density. Forest management played an important role in the carbon storage of forest biomass. Moderate spatial dependency was found for FBC density. These results indicate considerable clustering at the 50-100 km size. The spatial variation of FBC density was related to natural and anthropogenic factors.
